Abstract
Introduction

38
Wildfire affects both the structure and function of watersheds, including rock weathering, 39 modifications to vegetation, microbial and faunal activity, and changes to the soil that affect 2007). However, disturbance regimes are rarely linked dynamically to eco-hydrological 48 projections, and eco-hydrological models often ignore disturbance events (Hannah et al. 2007 ).
49
This is problematic, especially for projections of future dynamics, because fires are predicted to 50 become more extensive and severe in many regions (Flannigan et al. 2009; Littell et al. 2010; 51 Stavros et al. 2014 ). This presents an increasing risk to natural resources, property, and 52 ecosystem services (Hurteau et al. 2014; Rocca et al. 2014 ).
53
It is a challenge to integrate a model of fire with an established eco-hydrological model.
54
Eco-hydrological models are not designed from the outset to quantify biomass in a manner 55 compatible with the requirements of the most-used fire models. For example the Regional 56 Hydro-Ecological Simulation System (RHESSys) is an eco-hydrology model that has been 57 applied widely in forested watersheds to estimate streamflow, forest productivity, and mortality organisms (e.g., trees and shrubs) are not simulated. In RHESSys, as in many ecosystem carbon 64 cycling models (Fatichi et al. 2016) , biomass components such as leaves and stems are simulated 65 en masse, in pools of carbon. This is also true for the litter layer below the canopy strata, which 66 receives input of biomass from the overlaying canopy layers within a patch. The goal of 67 RHESSys, and other similar models of biogeochemical cycling and eco-hydrology, is to simulate 68 ecosystem processes rather than demographics, succession, or competitive interactions (Tague 69 and Band 2004).
70
If we compare the variables used to describe biomass in RHESSys to the requirements of 71 structurally complex fire models we see that there is an incompatibility (Figure 1 ). For example,
72
semi-empirical models of fire spread that use Rothermel (1972) equations (e.g., Finney 2004) 73 require specific characteristics of the fuelbed, usually represented by stylized fuel models (Scott 74 and Burgan 2005). Fuel models quantify fuel loading and arrangement by size classes of dead 75 fuels (e.g., litter, and 1-hr, 10-hr, 100-hr time lags), live non-woody and woody (herbs, grasses, 76 shrubs), and spatial properties (surface area to volume ratio, fuel bed depth, packing ratio).
77
Because RHESSys does not quantify these fire-relevant properties of biomass, reconciling the 78 mismatch in relevant variables between fire models and eco-hydrological models is not trivial.
79
There are two strategies to couple fire-spread with eco-hydrology (Figure 1 published; this calibration is described in supplementary material (S1). The implementation and 166 calibration of RHESSys for HJA used in this study is described in Garcia et al. (2013) , and 167 summarized in supplementary material (S1).
168
Historical fire regime characteristics at each site 169 We use published fire history data and the LANDFIRE fire regime group geospatial layer Table S2 ). LANDFIRE 182 also predicts stand replacement fire severity in the upper SF watershed.
183
For HJA fire history studies and LANDFIRE document a mixed-or high-severity fire Figure S1 ; Table S2 ). Therefore over the period for the simulation (50 years) we is to predict plausible futures rather than specific events, and that fire is driven by stochastic 210 processes such as weather events, we designed WMFire to be a stochastic model that subsumes 211 in the probability calculation the uncertainty associated with the natural variability in fire events. pixel to which spread is successful, spread to each of its neighbors is tested in the next iteration.
257
Previously burned pixels can no longer spread fire.
258
In WMFire the value of ps is determined by the RHESSys-predicted value of litter load In this formulation, if any of the components predicts a probability of zero for spread (is a barrier 266 to spread), then spread cannot happen. Conversely, of all components predict a probability of 1 267 for spread (no barriers to spread), then spread will happen. Next we describe how each 268 component probability for fire start and fire spread are calculated.
269
Litter load and relative deficit 270 We assume that the probability associated with litter load and relative deficit increases 
278
Wind
279
We assume that the probability of fire spread is highest in the wind direction, then 
283
where k1_wind controls the reduction of ps(w) as the angle of spread deviates from the wind 284 direction, ω is the wind direction (rad), γ is the orientation of the neighbor pixel relative to the 285 pixel spreading fire (rad) and k2_wind is the probability of spread against the direction of the wind
286
( Figure 4c ; Table 2 ). This function can take values >1.0, in which case ps(w) is set to 1. The 287 empirical modeling of wind distributions is described in supplementary material.
14
Slope
289
The probability of fire spread increases uphill and decreases downhill from the source 290 pixel. We adapt our curve from the model LANDSUM (Keane et al. 2002) :
292 where k1_slope gives the value of ps at zero slope, k2_slope defines the steepness of the curve, and
293
I=1 if S>0, -1 otherwise ( Figure 4d ; Table 2 ). This function can take values >1.0, in which case 294 ps(S) is set to 1. The slope relative to the direction of fire spread is calculated from the digital 295 elevation model.
296
WMFire parameter values
297
The values of the eight WMFire parameters were selected by continuing the first 
327
where As is the total area of the watershed, and ̅ is the mean annual area burned throughout the interval and NFR to the criterion for each watershed (Table 1) .
330
Results
331
Empirical wind distributions and RHESSys-predicted values of litter load and relative 332 deficit for each watershed are given in supplementary material (S1 ; Table S1 , Figures S3-S4 ).
333
Here we focus on comparing WMFire predictions to the assessment criteria for each watershed,
334
which are derived from site-specific literature and LANDFIRE data, and are listed in Table 1 . is not sensitive to the ignition source rate (Figures S8-S10 ). This spatial pattern satisfies criterion 339 SF1 (Table 1) . Simulated pixel-wise probabilities of fire in HJA do not show an obvious spatial 340 gradient, although there is patchiness in fire probability (Figure 6 ). These spatial patterns are not 341 sensitive to the ignition source rate ( Figures S5-S7 ), and satisfy criterion HJA1.
342
Criterion 2: Seasonality of fire occurrence
343
For SF the proportion of replicates that achieve a fire size > 100 ha shows a distinct 344 seasonality with a peak in June. All months show a small probability of fire activity, but most 345 activity is in the months May -July (Figure 7 ). This pattern in seasonality of fire spread is not In both watersheds metrics of fire return are sensitive to the mean ignition source rate.
356
For mean ignition source rates of 1, 1.5, and 2 per month, respectively, in SF the mean values of Table 1 ).
374
The ability of WMFire to satisfy these two criteria is not dependent on the value of the ignition 375 source rate (Figures S5-S10 ). Balmat 2009) and LANDFIRE predictions ( Figure S2 ; Table S2 ). LANDFIRE predicts that the watersheds is not sensitive to the ignition source rate, indicating that there is little uncertainty in 400 the fire size distribution predicted by WMFire.
401
In this stage of model assessment we find that the outcomes of successful ignitions-
402
fires that spread, their seasonality, and extent-are metrics of the fire regime for which our outcomes. As such, we believe it to be more robust to future projections, the principal goal of
412
RHESSys/WMFire, than would be any attempt to model future changes in ignition rates.
413
WMFire prediction uncertainty 414 The sensitivity of fire frequency to ignition source rate is non-linear, with the strongest 415 sensitivity at lower values of mean ignition source rate. An ignition source rate of 0.10 ignitions 416 per month predicts a natural fire rotation and fire return interval that match fire history data and
417
LANDFIRE data for HJA (Figure 8) of spread with increasing litter load, k2_load defines the litter load (kg*m -2 ) at which the associated 595 probability of spread crosses a value of 0.5, k1_def controls the steepness of the probability of 596 spread with increasing relative deficit (1-ET/PET), k2_def defines the relative deficit at which the 597 associated probability of spread crosses a value of 0.5, k1_wind controls the wind direction at 598 which the associated probability falls below 1, k2_wind gives the associated probability of spread 599 against the wind direction, k1_slope gives the associated probability of spread on a flat slope, 600 k2_slope controls the steepness of the probability of spread with increasing or decreasing slope. λ is 
